K-value, inosine mono-phosphate, and hypoxanthine concentrations of grass carp (Ctenopharyngodon idellus) fillets were determined during storage at 273, 277, 281, 288, and 293 K. Simultaneously, a feedforward artificial neural network was developed to predict these changes in grass carp fillets during storage, and a comparative study on K-value prediction between the artificial neural network and Arrhenius model was also performed. The results showed that the K-value and hypoxanthine concentrations increased with storage time, while inosine mono-phosphate reached a peak and then decreased with time. The artificial neural network was successful in predicting changes in the K-value, inosine mono-phosphate, and hypoxanthine concentrations throughout storage, and it was even more effective in predicting K-value with lower relative errors than the Arrhenius model. The high regression coefficient (R 2 ) and low mean squared error indicated that the artificial neural network could be a potential tool in modeling changes in K-value, inosine mono-phosphate, and hypoxanthine concentrations of grass carp fillets within 273-293 K.
INTRODUCTION
Grass carp (Ctenopharyngodon idellus) is one of the most important freshwater fish species all over the world due to its fast growth rate, easy cultivation, high feed efficiency ratio, high nutritional value, and low price. The total global aquaculture production of grass carp was approximately 5,028,661 tons in 2012, the first in the aquaculture rank. [1] Normally, several post-mortem changes take place in fish muscle after slaughter, including nucleotide degradation, microbial growth, and changes of pH value and water hold capacity, [2] which all affect the freshness and shelf life of fish. At the early post-mortem stages, adenosine triphosphate (ATP) in the muscle of all fish species degrades to inosine monophosphate (IMP) via adenosine diphosphate (ADP) and adenosine monophosphate (AMP), while IMP tends to accumulate at a slower rate of degradation compared to hypoxanthine (Hx) via hypoxanthine riboside (HxR). [3] IMP, as an important umami taste in fish, does correlate well with flavor acceptability. [4] Conversely, Hx contributes to the gradual loss of desirable flavor and the development of bitter off-flavors. [5] K-value, defined as the ratio of non-phosphorylated ATP-breakdown products to the total ATP-breakdown products, has been used as an indicator of freshness in many species. [6] Considerable researches have focused on methods for improving fish quality and extending shelf life, such as salting, [7] use of an edible coating, [8] and modified atmosphere packaging. [9] However, information on the changes in ATP-breakdown compounds and K-value of grass carp is scarce.
As a result of the rapid deterioration and compositional variation, the utilization of fish as a basic raw material presents many problems, and it is also difficult to monitor the changes in ATP-related products. Therefore, the prediction of K-value, IMP, and Hx concentrations allows researchers to reduce the frequency of measurements and makes it easier for companies to optimize their storage management. The kinetic model is widely used to predict changes in the quality of fish. Although there are published models based on Arrhenius equations for the prediction of these changes in aquatic products, [10] [11] [12] these models are not always applicable to the input and output parameters without any prior knowledge of the relationship between them, due to the empirical nature of the models. The artificial neural network (ANN) is a set of non-linear mathematical models, which may be used to estimate or predict process behavior without the need for a mathematical model or a prediction equation. [13] Recently, the focus on ANN as a modeling tool in food is increasing. For instance, Liu et al. [14] reported that ANN showed a better performance than the Arrhenius model in predicting the quality of rainbow trout (Oncorhynchus mykiss) fillets; Gosukonda et al. [15] also applied ANN to predict Escherichia coli O157:H7 inactivation on beef surfaces.
The objective of the present work was to determine changes in K-value, IMP, and Hx concentrations in grass carp fillets at different temperatures, and to develop predictive models for these parameters during storage based on ANN. A comparative study in predicting K-value between the ANN and the Arrhenius model was conducted, and the activity of AMP-deaminase was also estimated to explain the change of IMP concentration.
MATERIALS AND METHODS

Sampling Preparation
Eighty-six pieces of farmed grass carp (weight of 1.21 ± 0.10 kg, length of 42.33 ± 1.15 cm) were collected from an aquatic product wholesale market in Beijing, China in October 2014, and were immediately transported to the laboratory alive. Fish were killed, beheaded, scaled, gutted, and washed within 2 h, after which each fish was divided into two pieces and rinsed with tap water. After being drained, fillets were packed in polyethylene bags and then three fillets were sampled immediately (0 h), while the rest were divided into five groups and stored at 273, 277, 281, 288, and 293 K, respectively. Three fillets were chosen randomly from each group and analyzed at specified time intervals (0, 8, 12, 24, 36, 48, 72, 96, 144, 192, 240 , and 288 h for 273 K; 0, 8, 12, 24, 36, 48, 72, 96, 144, 192 , and 240 h for 277 K; 0, 8, 12, 24, 36, 48, 72, 96 , and 144 h for 281 K; 0, 2, 4, 8, 12, 24, 36, 48 , and 72 h for 288 K; and 0, 2, 4, 8, 12, 24, 36 , and 48 h for 293 K).
K-Value and Determination of IMP and Hx
Preparation of IMP and Hx followed the procedure described by Liu et al. [14] Following Ryder, [16] nucleotide degradation products were analyzed by high-performance liquid chromatography (HPLC;
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Shimadzu, LC-10 ATseries, Japan) equipped with SPD-10A (V) detector, COSMOSIL 5C18-PAQ column (4.6 mm i.d. × 250 mm; Nacalai Tesque, Inc., Kyoto, Japan) at room temperature. We used a buffer of 0.05 mol/L Na 2 HPO 4 and 0.05 mol/L Na 2 HPO 4 at pH 6.8. The sample (50 µL) was injected at a flow rate of 1.0 mL/min and the peak was detected at 254 nm. The amount of ATP and its related compounds were identified by comparing their retention times, and they were calculated based on ATP, ADP, AMP, IMP, HxR, and Hx standards, which were bought from Sigma Chemical Co. (St. Louis, MO). The K-value was calculated as follows: [17] K
Measurement of AMP-Deaminase Activity
Five grams of fish flesh was ground with 15 mL of 0.089 mol/L phosphate buffer (pH 6.5 with 0.18 mol/L KCl and 0.1 mmol/L DTT) for 1 min. The homogeneous slurry was extracted at 277 K and then centrifuged (10,000 × g, 277 K for 20 min). The supernatant was used as a crude enzyme solution and finally stored at 251 K for further analysis.
A 139 mg 5'-AMP were dissolved in 10 mL of 0.08 mol/L NaHCO 3 , which was used as the original substrate, and then it was diluted 400 times to 0.1 × 10 −3 mol/L with succinic acid buffer (pH 5.9). Three milliliters of diluted substrates were incubated at 310 K for 5 min and then 0.1 mL of crude AMP-deaminase extraction was added to the mixture. After incubation at 310 K for 15 min, the reaction was stopped by adding 3 mL of 100 g/L perchloric acid (PCA). The control was processed as follows: The diluted substrate was cooled with ice after incubation and the crude enzyme extraction was added after PCA. Absorbance of the filtrate was measured at 265 nm. A unit of activity corresponds to a change in absorbance of 0.001 per min (Eq. 1):
where Δ 265 is the difference in absorbance value between samples and the control; K is the dilution time of AMP-deaminase (K = 1); T is the reaction time in minutes.
ANN
ANN is one of the most powerful computer modeling techniques based on a mathematical approach. It is currently being used in many fields of engineering to simulate the complex relationships that are difficult to describe with physical models. [18] In this article, one-hiddenlayer feed-forward network structure with input, output, and hidden layers was used (Fig. 1) . The input layer consisted of two neurons that corresponded to storage time (h) and storage temperature (K). The output layer had one neuron that represented the change in the variable (e.g., ΔK-value, ΔIMP, or ΔHx concentration). ΔC was calculated by:
where C is the variable (K-value, IMP, or Hx concentration) at time t, C 0 is the initial value. According to the research by Liu et al., [14] a log-sigmoidal activation function and a linear transfer function were recommended in the hidden layer and output layer, respectively (Eqs. 3 and 4). Minimization of error was accomplished using the Levenberg-Marquardt (LM) algorithm, because of its high accuracy in similar function approximation. [19] Logsig
For all samples, the data were divided randomly into training data (70%), validation data (15%), and testing data (15%). The training data were selected to build the models, while the validation data USING ANN TO PREDICT K-VALUE, IMP, AND HX were used to avoid over-fitting. The test data were used to examine the capability of the network generalization. The prediction performances of various ANN models were compared using mean squared error (MSE; Eq. 5). The training would continue until MSE became 0 or 10,000 iterations, or the performance on the validation data failed to improve for six epochs.
where N is the total number of data; k P represents the predicted output from the neural network model for a given input, while k E is the experimental value. To improve the behavior of the ANN, both input and output data were normalized to gain values in the range of -1 to 1, with no physical meaning. The widely used method of unification is:
where X is the experimental data, X min is the minimum, X max is the maximum among these data, and Y is the normalized data. The ANN with the smallest MSE was chosen and the model was implemented using an algebraic system of equations to predict K-value, IMP, and Hx concentrations. The ANN modeling program was designed and programmed under Matlab software, version 8.2 (The Mathworks, Inc., Natick, MA, USA).
Statistical Analysis
Measurements were conducted in triplicate. All data were expressed as mean values ± standard deviations and the least significant difference procedure was used to test for differences between means (significance was defined at p < 0.05) using the SAS software (SAS Institute Inc., 2008). [5] IMP provides an umami taste and is strongly associated with an acceptable level of fish freshness. After death, IMP accumulates via dephosphorylation and deamination of ATP. This reaction usually takes from several hours to days and is believed to be totally catalyzed by muscle autolytic enzymes. [20] AMP-deaminase, which catalyzes the hydrolytic deamination of AMP to IMP, was also studied in this research. The result showed that the AMP-deaminase activity of grass carp stored at 288 and 293 K increased to the highest value more rapidly than in those stored at 273, 277, and 281 K ( Table 1 ) and this is in consistent with the change of IMP concentration. The initial level of IMP in the muscle of grass carp was 4.652 μmol/g (Fig. 2a) , which was lower than many other fish species, such as seerfish [21] and cazon fish, [2] which had initial levels of IMP of 8.80 and 6.35 μmol/g, respectively. In fact, the concentration of nucleotides varied considerably from fish to fish. [22] The IMP concentration significantly (p < 0.05) increased to a maximum of 273, 277, 281, 288, and 293 K after 72, 72, 36, 12, and 2 h of storage, respectively, and fell sharply thereafter. These results could be due to the effect of low temperature on minimizing the activity of IMP-related enzymes, like AMP-deaminase. IMP in the muscle of silver carp stored at 277 K reached its maximum at 48 h, [23] and IMP in the crucian carp stored in ice reached a maximum in 4 h post-mortem; [24] both times were different from our results for grass carp and this indicated that the rate of breakdown of ATP to IMP was related with fish species and storage temperature. In addition, some studies [3, 25] did not detect an increase in IMP, which is possibly due to differences in the fish species that were studied, handling conditions, killing methods, and the frequency of measurements.
As nucleotide degradation progressed, the content of Hx, which contributes a bitter flavor to fish, increased during storage in grass carp (Fig. 2b) . The subsequent breakdown of IMP to Hx was slow and was caused by both autolytic and microbial enzymes. [25] Hx was still detected at very low concentrations (<0.5 μmol/g) in grass carp fillets stored at 273, 277, 281, 288, and 293 K after 192, 192, 48, 24, and 12 h, respectively. Hx production showed different rates at different temperatures, which indicated the strong effect of storage temperature on Hx production. The storage temperatures of 273 and 277 K were effective in suppressing Hx production, which means that chilled storage can inhibit the enzymes and micro-organisms responsible for the production of Hx and this result agreed with that of Song et al., [26] who found that Hx formed more slowly in bream stored at 269.7 K than those stored at 277.5 K. In the present study, Hx concentrations increased with storage time in all treatments. Similar findings have been found in seer fish [21] and sea bass. [27] However, Li et al. [24] reported that Hx concentrations decreased at 4 h post-mortem, and then gradually increased during ice storage. Thus, regardless of species and external factors, ratios of the concentration of ATP and its breakdown compounds are usually a more reliable index of freshness than individual nucleotide concentrations.
K-value is an index of the degradation of ATP, and it has been used as one of the most effective indicators for testing the freshness of fish. [28] Figure 2c illustrates the variations in the K-values of grass carp fillets during different storage temperatures. The initial K-value of grass carp fillets was 8.45%, similar to the value (8.26%) measured by Zhang et al., [11] but lower than that for turbot (25.15%). [29] These variations may be attributed to differences among fish species and to preprocessing. [30] The K-values of all grass carp showed the same trend, while K-values of grass carp stored at high temperatures were much higher than those stored at relatively low temperatures for the same amount of time. exceeded the rejection level of 70%. These results demonstrated that low temperatures can inhibit the loss of freshness in grass carp during storage.
Neurons in the ANN Hidden Layer
Determination of the appropriate number of hidden layers and the number of hidden neurons in each layer is one of the most critical tasks in ANN design. Theoretical work has shown that a single hidden layer is sufficient for the neural network to approximate any complex non-linear function, [31] while using more layers may exacerbate the problem of local minima. [32] Hence, onehidden layer ANN was used in this study. The number of neurons in a hidden layer depends on the complexity of the relationship between inputs and outputs; as this relationship becomes more complex, more neurons should be added. The optimum number of hidden neurons is chosen by minimizing overall MSE. Results of K-value, IMP, and Hx concentrations in grass carp fillets during experiments with 1-10 neurons in the hidden layer are presented in Table 2 . According to the ANN results, the optimal number of neurons in the hidden layer was 7 for K-value, 6 for IMP, and 5 for Hx. The above models were developed for storage temperatures from 273 to 293 K.
Training, Validation, and Test Phases of the Neural Network
The values in the K-value, IMP, and Hx concentrations were calculated in grass carp fillets and shown in Table 3 . In the training phase of the ANN model, 70% of the samples were selected randomly to build the model and Table 3 shows the training data used in the development of ANN. During the training process, the weights and biases among the neurons were optimized iteratively in a direction that minimized the MSE between the predicted and actual values. [14] In addition, validation was performed with 15% of the total data and the remaining 15% of the data were used in the test phase. In both the validation and test phases, we used the selected topology of ANN models with the previously adjusted weights. 
Weight Matrices and Working Equations
The output variables (Y) to actual input values (X) for each parameter is given by a general equation (Eq. 7), where X and Y represent a column vector, and w 1 and w 2 , which are the weight matrices between input layer-hidden layer and hidden layer-output layers, respectively, represent equation constants. Also, b 1 and b 2 are the corresponding bias terms, and f 1 and f 2 are referred to as transfer functions: 2702
With the help of a computer program, the optimized network can be implemented using the equation provided in the Appendix.
Comparison of ANN with the Arrhenius Model in Predicting K-Value
Arrhenius models have been used widely to predict the quality of freshwater fish. Hong et al. [33] developed a kinetic model based on K-value to predict the change in freshness of bighead carp at different temperatures. For comparison, the Arrhenius model and ANN were used to predict K-values in this study. The K-values were derived from samples stored at different temperatures that fit the relationship in zero-order kinetics with R 2 all above 0.90 (The R 2 was 0.98, 0.95, 0.99, 0.93, and 0.90 for 273, 277, 281, 288, and 293 K, respectively). When building the Arrhenius model, the experimental data of fillets stored at 273, 277, 288, and 293 K were used to establish the predictive model, and experimental data of fillets stored at 281 K were applied to validate the accuracy and applicability. The process of establishing and validating Arrhenius equation followed the procedure described by Zhang et al. [11] The activation energy (E A ) of the K-value was 73.89 kJ/ mol, and the corresponding pre-exponential constant (k 0 ) was 2.86 × 10
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. Thus, the Arrhenius model for grass carp fillets based on the K-value is as follows (Eq. 8):
To evaluate the predictive performance of the Arrhenius model and ANN, relative errors between predicted and experimental data were calculated at 281 K (Table 4) . Kaymak-Ertekin and Gedik [34] claimed that a model is considered acceptable if the relative errors are below 10%. In this study, the relative errors were all within 10% except for the value of the Arrhenius model at 96 h, indicating that both the ANN and Arrhenius model can predict the K-value of grass carp during storage, but the predictive ability of ANN was superior.
CONCLUSION
The results of the present study showed that there existed both an accumulation and a decrease of IMP, but the accumulation of IMP occurred early in the storage period. The IMP concentrations of grass carp fillets stored at 273, 277, 281, 288, and 293 K reached a peak at 72, 72, 36, 12, and 2 h postmortem, respectively. In contrast, Hx concentrations remained at low levels, which indicated that it was better to utilize grass carp at 2-72 h post-mortem at different temperatures. ANN-based models were developed to predict the K-value, IMP, and Hx concentrations of grass carp fillets. Although the K-value can be explained with a zero-order kinetic model, the ANN model could predict the K-value with lower relative errors. Given that the changes of IMP and Hx concentrations do not match conventional kinetic equations, it is difficult to apply the Arrhenius models to predict the concentrations of IMP and Hx. In general, the ANN is a promising method (i.e., high R 2 and low MSE) for 
